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ABSTRACT
The research presented in this paper analyzes the simplified behavioral vehicle longitudinal
motion model, currently implemented in the INTEGRATION software, known as the Rakha-
Pasumarthy-Adjerid (RPA) model. The model utilizes a steady-state formulation along with two
constraints, namely: acceleration and collision avoidance. An analysis of the model using the
naturalistic driving data identified a deficiency in the model formulation, in that it predicts more
conservative driving behavior compared to naturalistic driving. Much of the error in simulated
car-following behavior occurs when a car-following event is initiated at a spacing that is often
much shorter than is desired. The observed behavior is that, rather than the following vehicle
decelerating aggressively, the following vehicle coasts until the desired headway/spacing is
achieved. Consequently, the model is enhanced to reflect this empirically observed behavior.
Finally, a quantitative and qualitative evaluation of the original and proposed model formulations
demonstrates that the proposed modification significantly decreases the modeling error and
produces car-following behavior that is consistent with empirically observed driver behavior.
1. INTRODUCTION
There are many explanations of the importance of car-following models in microscopic
traffic-simulation in the literature, with an informative and succinct example being that
of Panwai and Dia from 2005 [1], who explain that traffic-simulation tools provide the
ability to evaluate and control different scenarios in an environment that does not
disrupt real-world traffic conditions.
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Each car-following model predicts the temporal-spatial evolution of a following
vehicle when provided the time-space trajectory of a leading vehicle, along with the
initial conditions (location and velocity of the following vehicle). The parameters of
each model are calibrated so that the resulting simulated behavior matches the observed
behavior as closely as possible. To calibrate these parameters it is necessary to define
limiting bounds for the parameter values, define an error function, select an
optimization methodology to minimize the objective function, and compare simulated
to observed vehicle trajectories.
The data used to validate car-following models in the past has primarily come from
test tracks, simulators, tracking of vehicles along short sections of roadway, or loop
detectors. These studies either have driver-specific information and bias from lack of
real-world driving situations, or accurate real-world driving data from anonymous
drivers over limited sections of highway. Only recently has naturalistic driving data
become available as an analysis data source [2].
The large size of the database generated by a naturalistic driving study requires data
reduction to be conducted using a carefully planned procedure. In the case of the
Hundred Car Study, the dataset includes 108 individual drivers, with nearly 337,000
hours of data collected across 207,000 trips, which results in more than 12 billion
database observations using a sampling frequency of 0.1 seconds. The data analyzed
herein is identified using a geographic information system (GIS) application to visually
select specific routes and drivers, exporting pertinent data to define trips of interest.
Data validation is conducted on the selected data by examining outlier information.
Some post-processing is necessary in cases where information is updated less often than
is sampled.
Naturalistic data is particularly useful for car-following models which employ
vehicle dynamics constraints, such as the Rakha-Pasumarthy-Adjerid (RPA) model,
examined herein. The vehicle dynamics constraints are based directly on the
characteristics of the vehicle, which are included as part of a naturalistic database.
2. DATASET
The data used herein represents a subset of the total naturalistic driving database
generated by the Hundred Car Study project conducted by the Virginia Tech
Transportation Institute. The complete database includes 108 individual drivers, with
337,000 hours of data collected during 207,000 trips. The car-following event data used
herein was recorded along a 14 km section of the Dulles Airport Access Road, in order
to maintain facility homogeneity. Visualization is presented with the fundamental
interaction diagram, as shown in Figure 1.
The dataset used includes 1,732 car-following events, totaling 789 minutes,
representing eight individual drivers. The data from the eight drivers is aggregated into
four views of the fundamental diagram, with grayscale used to indicate steady-state
conditions separately from acceleration and deceleration regimes. The darkness of the
data points indicates the magnitude of acceleration, with near-black points indicating
high acceleration levels, near-white points indicating high deceleration levels, and grey
points indicating steady-state travel.
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3. THE RPA CAR-FOLLOWING MODEL
The RPA model is a simplified behavioral vehicle longitudinal motion model, currently
incorporated in the INTEGRATION traffic simulation software. This model is
comprised of three components, which respectively define steady-state traffic stream
behavior, provide a collision avoidance component, and limit the simulated acceleration
based on vehicle dynamics. Taking the minimum value of the three components yields
the simulated velocity for a given time-step. It should be noted that the addition of the
vehicle dynamics constraint reverts the model from a first-order to a second-order
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Figure 1. Combined fundamental diagram for car-following event data; displaying
(a) flow vs. speed, (b) density vs. speed, (c) spacing vs. speed, and 
(d) density vs. flow
traffic stream model and allows for the capture of important phenomenon including the
capacity drop associated with departures from congested states.
3.1. First-order Steady-state Car-following Model
The RPA model uses the Van Aerde first-order steady-state model first proposed as a
nonlinear, single-regime functional form by Van Aerde and Rakha in 1995, as seen in
Equation (1) [3].
(1)
Where: Δxn→n+1 (t) = the distance between the front of the leading vehicle (n) and
the front of the following vehicle (n+1) at time (t), in (m).
c1, c2, c3 = Parameters used for the Van Aerde steady-state model, in
(m), (m2/s), and (s), respectively.
x
.
d = velocity desired by driver of vehicle n + 1, in (m/s). This
is also known as the free-flow speed in the literature.
x
.
n+1 = velocity of vehicle n + 1, in (m/s).
This formulation provides the space headway of the leader-follower pair at time (t)
using the velocity of the follower vehicle and four calibration parameters. The first
calibration parameter, c1, is the fixed distance headway constant in (m), and is analogous
to vehicle spacing at jam density. The second calibration parameter, c2, is the first
variable headway constant in (m2/s), and provides a measure of the driver’s desire to
return to his/her desired speed. The third calibration parameter, c3, is the second variable
headway constant in (s), analogous to the driver sensitivity parameter in the Pipes model.
It has been shown that using boundary conditions the microscopic parameters can be
related to macroscopic parameters, as demonstrated in Equation (2) [4].
(2)
Where: x. c = velocity at capacity also known as the critical velocity in the
literature, in (m/s).
Δ xc = vehicle spacing at capacity, in (m).
Δ xj = vehicle spacing at jam density, in (m).
The application of these constraint conditions and the translation of the Van Aerde
model into a speed formulation results in the Equation (3).
(3)
In order to ensure that the speed estimates are realistic the square root term should
be positive. This is achieved if the model parameters satisfy Δxc ≥ Δxj [4].
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3.2. Collision Avoidance Model
The RPA model imposes limitations on the steady-state Van Aerde model to ensure
collisions do not occur under non-steady-state conditions (e.g. a vehicle is approaching
a slower vehicle ahead of it) and to account for vehicle dynamics constraints, as
demonstrated by Park et al. [5]. The collision avoidance component is shown in
Equation (4).
(4)
Here x..d-min is the minimum acceleration (m/s2) or maximum deceleration level. This
can be as high as the coefficient of friction (μ) multiplied by the gravitational
acceleration g (9.8067 m/s2). This assumes a braking efficiency of 1.0.
Equation (4) is based on a derivation of the maximum distance a vehicle can travel
to decelerate from its initial speed to the speed of the lead vehicle while maintaining the
minimum jam density spacing behind the lead vehicle when it comes to a complete
stop. This condition only applies when the following vehicle is traveling at a speed
higher than the speed of the lead vehicle. Within the INTEGRATION software,
microscopic traffic simulation employs the collision avoidance limitation when the time
headway between the two vehicles is less than 50 seconds. The limited application of
the constraint ensures that a following vehicle will not adjust its behavior based on
leading vehicles that are beyond the influence zone.
3.3. Vehicle Dynamics Model
A point of contention with state-of-the-practice car-following models is that realistic
vehicle accelerations are not always maintained. The resistive forces acting on a
vehicle’s forward motion include air resistance, grade resistance, and rolling resistance.
A vehicle is able to accelerate based on the creation of engine tractive force that exceeds
the combined effect of the resistance forces. A detailed explanation of the application
of the vehicle dynamics model is beyond the scope of this study, and is found in an
earlier publication by Rakha et al. [6]. The maximum feasible velocity at time (t) is an
expression of the previous time-step’s velocity and the maximum feasible acceleration
produced by the vehicle, as seen in Equation (5).
(5)
Where: Fn+1 (t − Δt)
Given that: Fn+1 = resultant force (N)
η = driveline efficiency (unitless), taken as 0.7 herein
γ = vehicle throttle level ranging from 0.0 to 1.0
(unitless), taken from the maximum measured
percentage throttle depression for each driver herein
P = vehicle power (kW)
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Mta = percentage mass of the vehicle on the tractive axle
(unitless), taken to be 55% of total vehicle mass
μ = coefficient of roadway adhesion (unitless), taken as
0.6 herein
And: Rn+1(t−Δt) = 0.047285 * cd * Aj * x.n+1(t−Δ t)2 + 9.8066 *
massn+1 * cr [cr2 * x.n+1(t−Δt) + cr3]
Given that: Rn+1 = total resistive force (N)
Cd = drag coefficient (unitless), vehicle specific.
Af = vehicle frontal area (m2), vehicle specific.
massn+1 = vehicle mass (kg) of vehicle n + 1
Cr = rolling coefficient (unitless)
cr2,cr3 = rolling resistance coefficients (unitless)
The formulation included herein is nearly identical to that of the formulation
provided in Rakha et al. [6], with the exception of gamma (γ) being applied to engine
power, where gamma is equal to the maximum throttle level observed to be used by a
given driver.
4. PARAMETER CALIBRATION
Car-following models predict the trajectory of a subject following a lead vehicle given
the trajectory of the lead vehicle and the initial location and velocity of the following
vehicle (also known as the initial conditions). The parameters of each model are
calibrated such that the resulting simulated behavior matches the observed behavior as
closely as possible. In calibrating the model parameters it is necessary to generate
observed and simulated vehicle trajectories, set limiting bounds for the parameter
values, define an error function, and select an optimization method to minimize the
error between the estimated and observed behavior.
4.1. Discrete Time Generation of Vehicle Trajectories
The RPA model generates the anticipated velocity of the following vehicle in a given
time-step using the estimated acceleration, x..n+1(t). The forward first-order Euler
approximation is used to estimate the velocity, by way of Equations (6) and (7).
(6)
(7)
4.2. Parameter Calibration
The calibration of the model parameters entailed two calibration efforts, namely:
calibrating the steady-state and non-steady-state behavior. The calibration of the
steady-state behavior was conducted using a heuristic automated tool (SPD-CAL),
described in the literature [7]. This entailed calibrating the desired speed for each
driver, the speed-at-capacity, the vehicle spacing at capacity, and the jam density
vehicle spacing.
= −Δ +Δ ⋅ −Δ+x t x t t t x t t( ) ( ) ( )n+ n+ n1 1 1
  = Δ ⋅ +Δ −+ − + +x t t x t t x t( ) [ ( ) ( )]n n n1 1 1 1
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The calibration of the non-steady-state behavior entailed calibrating the vehicle
deceleration and acceleration parameters. Vehicle-specific parameters were extracted from
automotive websites without the need for calibration. The maximum acceptable
deceleration of the subject vehicle was extracted from the empirical data. Calibration of the
remaining parameters was conducted using the evolutionary non-linear solver in Microsoft
Excel version 14.0, which utilizes a genetic algorithm (GA) to find local minima and a
multi-start function to find the global minimum. It was necessary to use a heuristic
optimization tool given that the feasible region and objective function were non-convex.
4.3. Optimization Function
The objective function used was a variant of the Root Mean Percent Squared Error
(RMPSE) considering both the vehicle speed and spacing, as demonstrated in
Equation (8).
(8)
5. PARAMETER CALIBRATION RESULTS
Initially, a first-order traffic stream model was calibrated using the empirical data.
Subsequently, a second-order model was calibration by adding the collision avoidance
and acceleration constraints to the first-order model. It should be noted that a second-
order model, unlike a first-order model, can capture the empirically observed reduction
in discharge flow after the onset of congestion.
While all seven drivers from the naturalistic driving database were used for
calibration purposes, a qualitative visualization of the data and the model fit is provided
for a single driver. Driver 316 was selected for the detailed analysis because the relative
goodness of fit for each of the models was similar to the aggregate data results.
5.1. First-order Model Results
The results of simulation using the Van Aerde first-order model are shown below, with
Table 1 providing quantitative measures, and Figure 2 providing qualitative fits to the
data. The results presented in Table 1 demonstrate a high level of variability in the
model’s ability to simulate different drivers, with the RMSPE value for driver 350 over
six times that for driver 363, at 0.00105 and 0.00017, respectively. This could be
attributed to the lower number of observations for driver 350.
The aggregate results entail the following parameters: a jam density (kj) of 169 veh/km,
resulting in a vehicle spacing at jam density of 5.9 meters; a flow-at-capacity (qc) of 0.662
vehicles per second per lane, approximately equal to 2,400 vehicles per hour per lane; a
speed-at-capacity of 22.83 m/s, approximately 82 km/h; and a desired speed or free-flow
speed of 28.31 m/s, approximately equal to 102 km/h. These parameter values are
consistent with the Highway Capacity Manual (HCM) recommendations.
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Table 1. Results for the van aerde model
Parameter D124 D304 D316 D350 D358 D363 D462 Agg.
kj a (veh/m) 0.149 0.154 0.124 0.138 0.161 0.150 0.131 0.169
qca (veh/s) 0.948 1.000 0.523 0.611 0.514 0.975 1.000 0.662
x
.
c
a(m/s) 23.56 16.67 22.28 22.31 19.14 19.06 22.22 22.83
x
.
d
a (m/s) 29.14 31.94 26.81 26.06 32.22 31.94 31.94 28.31
No. Obs. 47,623 41,819 114,211 39,625 110,938 105,573 14,645 474,434
RMSPE 0.00073 0.00037 0.00036 0.00105 0.00030 0.00017 0.00052 0.00018
adenotes values optimized using SPD-CAL.
(a) (b)
(c) (d)
Figure 2. Driver 316 combined interaction diagram results for car-following
simulation using Van Aerde model; displaying (a) flow vs. speed, 
(b) density vs. speed, (c) spacing vs. speed, and (d) density vs. flow
Qualitatively, it is seen in Figure 2 that the steady-state Van Aerde model accurately
captures the underlying average driver behavior, but fails to capture the variability that
is seen in the driver behavior. Furthermore the model is unable to capture the inverted
lambda shape associated with the speed-density data. This is because first-order models
are unable to capture the capacity drop associated with discharging from congestion. It
should be noted that it is possible to build in variability to the four calibrated parameters,
but the behavior itself is influenced by additional factors outside of the scope of a first-
order model. In the study herein variability in parameter values between trips for a given
driver is inappropriate, as each individual trip may be biased in one direction or the other.
Calibrating parameter values for individual car-following events was explored, but found
to yield inconsistent results due to the small dataset represented by each event.
5.2. RPA Second-order Model Results
The original formulation of the RPA model addresses some of the disparity seen between
the simulated Van Aerde steady-state model and the observed behavior, by imposing a
collision avoidance constraint and a vehicle dynamics constraint. The results of
simulation for the RPA model are shown below, with Table 2 providing quantitative
measures, and Figure 3 providing qualitative measures. Similar to the first-order model
results, a high level of variability can be seen in the model’s ability to simulate the
driving behavior of each individual driver. Although the collision avoidance and vehicle
dynamics constraints provide logical restrictions to the steady-state behavior predicted
by the Van Aerde model alone, the measure of error is seen to increase slightly for both
the individual drivers and the aggregate results. An argument could be made based on
these quantitative results that the RPA second-order model should not be used, and
instead the formulation using only the steady-state Van Aerde model is better, but it is
necessary to analyze the qualitative results to determine if this is the case.
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Table 2. Results for the RPA model
Parameter D124 D304 D316 D350 D358 D363 D462 Aggregate
kja 0.149 0.154 0.124 0.138 0.161 0.150 0.131 0.169
qca 0.948 1.000 0.523 0.611 0.514 0.975 1.000 0.662
x
.
c
a 23.56 16.67 22.28 22.31 19.14 19.06 22.22 22.83
x
.
d
a 29.14 31.94 26.81 26.06 32.22 31.94 31.94 28.31
x
..
d−min
b
–4.630 –2.778 –3.472 –5.556 –5.556 –4.861 –2.451 –4.481
γ
b 0.631 0.600 0.710 0.537 0.576 0.529 0.639 0.764
Pb 90 90 90 90 145 145 119 90
massb 1190 1090 1090 1090 1375 1375 1900 1190
Cd b 0.36 0.40 0.40 0.40 0.40 0.40 0.50 0.36
Afb 2.06 2.00 2.00 2.00 2.18 2.18 2.94 2.06
No. Obs. 47,623 41,819 114,211 39,625 110,938 105,573 14,645 474,434
RMSPE 0.00086 0.00037 0.00044 0.00118 0.00034 0.00019 0.00087 0.00021
adenotes values optimized using SPD-CAL.
bdenotes values observed from dataset.
Ve
hi
cl
e
Noteworthy is the fact that in the case of the RPA model the Van Aerde model
parameters were held constant. These parameters included the jam density, the flow-at-
capacity, the speed-at-capacity, and the desired speed or free-flow speed. These
parameters are calibrated using steady-state observations only, as defined by
accelerations ranging between ± 0.5 m/s2. The desired minimum acceleration and
maximum throttle level (g) were obtained directly from the empirical data. The vehicle
characteristics were obtained from manufacturer information based on the vehicle
make, model, and year.
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(a) (b)
(c) (d)
Figure 3. Driver 316 combined interaction diagram results for car-following
simulation using original RPA model; displaying (a) flow vs. speed, (b)
density vs. speed, (c) spacing vs. speed, and (d) density vs. flow
Qualitatively, as demonstrated in Figure 3, the RPA model provides better coverage
of the observed driver behavior when compared to the first-order Van Aerde model
(shown in Figure 2). Specifically, the average driver behavior defined by the steady-
state formulation remains intact, while the collision avoidance constraint imposes
departures from the steady-state behavior to maintain a safety buffer, and the
acceleration constraints are observed to delay the return to the steady-state behavior
when a vehicle accelerates. The breadth of driver behavior appears to reflect the more
conservative driving conditions; however the RPA model does not capture the more
aggressive driving behavior adequately.
5.3. Empirical Observations of Driver Behavior
The RPA second-order model appears to not capture empirical driver behavior
associated with traveling at high speeds and very short vehicle spacing, as best seen in
part (c) of Figures 1, 2, and 3. Some of the individual car-following events exhibiting
this behavior were further examined to determine if there was a consistent cause for the
observed aggressive driving behavior. One observation was that a significant number of
these events occurred when a vehicle in an adjacent lane entered the subject vehicle lane
and forced the vehicle spacing to be very short. The RPA model appeared to deviate
from the empirical observations in two other ways: converging to a steady-state
behavior at low velocities and displaying significantly more conservative driving
behavior on some individual events.
The low-velocity convergence to steady-state conditions can be seen in parts (a),
(b), and (c) of Figure 3, which all display speed on the y-axis. As speed decreases from
20 m/s to 10 m/s, the driver behavior converges to the steady-state conditions, in
contrast to the variability displayed in the empirical data. The observed data
aggregated across all seven drivers is displayed in Figure 1, with the darkness of each
observation point showing the instantaneous velocity at that observation, with darker
points indicating high acceleration and lighter points indicating high deceleration
levels. By examining parts (a), (b), and (c) of this figure it is seen that the low-speed
regime yielding steady-state results in the simulation exhibits stark variation in driver
behavior between acceleration and deceleration behavior. Two methodologies are
available to introduce hysteresis into the current model formulation, the first could be
to calibrate separate values for the jam density parameter to be used in accelerating and
decelerating behaviors, and the second could be to introduce a perception-reaction
time-lag into the model.
The causes of the conservative driving behavior exhibited by the RPA model can be
seen in the formulation of the additional constraints. Although the RPA model imposes
a vehicle dynamics limitation on acceleration, it does not impose a similar limitation
on deceleration. In a case where the observed car-following event begins with a high
speed and short vehicle spacing, such as at a speed of 100 km/h and a spacing of 20 m,
the simulated model will result in an acceleration of –600 m/s2 to converge to a speed
of 40 km/h in the next time step, in an attempt to maintain the steady-state relationship.
So long as the lead vehicle is traveling at a greater speed than the following vehicle,
such as, for example 101 km/h in the previous example, the collision avoidance
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constraint is not activated, and the steady-state component governs. In keeping with
the ideals of the constraints added to the Van Aerde model, the authors herein sought
to determine a constraint for deceleration based on vehicle/pavement physical
constraints.
6. PROPOSED MODIFICATIONS TO THE MODEL
Initially, the authors herein postulated that a limitation on deceleration based on the
maximum braking potential of a vehicle would improve the simulated model results,
but it was found that this produced far more aggressive braking than was observed in
the dataset. The naturalistic database included a parameter to record the relative
depression of the brake pedal for each time step, but a review of the database showed
that these values were null, so it was not possible to assign each driver a maximum
desired braking factor. By conducting parameter calibration to minimize the error
function, a desired deceleration value was calculated for each driver, to govern his/her
behavior in aggressive driving situations not being overruled by the collision avoidance
constraint. The authors found that the drivers desired to decelerate at relatively gentle
rates, even when inhabiting more aggressive parts of the interaction diagram than was
desired. Upon further review, it was found that the desired deceleration level for each
driver was very close to the deceleration imparted by the combined resistance forces of
the vehicle dynamics model, essentially implying that the observed behavior of drivers
is to coast, using neither the gas nor the brake pedals, gradually backing off of a lead
vehicle when the vehicle spacing is smaller than desired under steady-state conditions.
Subsequently, the authors herein propose an additional constraint to the RPA model for
use in deceleration behavior not governed by the collision avoidance constraint. We
recommend using the vehicle dynamics constraint with the throttle, herein defined as
gamma (g), set to zero, which allows the simulated vehicle to coast to the desired
steady-state behavior.
At this time, the jam density parameter is not being modeled with separate values
for the case of acceleration and deceleration, despite the indication from the
observed data that this may improve the accuracy of the simulated results. A trial of
this model variation was conducted, and while it resulted in an improvement to the
qualitative results on the interaction diagram, there was no change to the quantitative
error measure. In order to introduce hysteresis into the simulation results, a
perception-reaction component was added to the model, basing simulated following
driver behavior on observed leading driver behavior occurring τ seconds in the past.
A linear car-following model (Pipes model) corresponds to a triangular fundamental
diagram (flow-density relationship) with a constant wave speed that can be
computed as qc/(kc-kj), where qc is the roadway capacity, kc is the density-at-
capacity, and kj is the jam density. Recognizing that kj is the inverse of the jam
density spacing (sj) and that kc = 1/(sj+c3uf) the wave speed can then be computed as
qc/(kc-kj) and equals sj/c3. Which means that the lag parameter τ equals the c3
parameter. Given that in our case the c2 parameter is not zero (but very close to zero)
the equality is a reasonable approximation, as evidenced by the close to constant
wave speed in Figure 2(d).
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6.1. Use of Vehicle Dynamics for Coasting
Incorporating the proposed condition of vehicle coasting in aggressive driving
conditions when the collision avoidance constraint is not triggered, the components of
the RPA model, being represented by Equations (3), (4), and (5) are implemented in the
proposed modified formulation as shown in Equation (9).
(9)
6.2. Results of the Modified RPA Model
The modified formulation of the RPA model addresses most of the disparity seen
between the simulated Van Aerde steady-state model behavior and the observed
behavior, qualitatively covering the aggressive driving conditions observed in the
database that were not captured by either the first-order Van Aerde model or the original
RPA model. The results of simulation for the modified RPA model are shown below,
with Table 3 providing quantitative measures, and Figure 4 providing qualitative
measures. The results of the error measure are seen to improve with the modifications
to the RPA model, with further comparative analysis offered below. The qualitative
results show improvements in keeping with the benefits seen in the quantitative results.
This modified model is an expansion of the regimes of behavior from the previous
formulation using the same set of equations. As such, the modified formulation of the
driver behavior model uses the same set of calibrated parameters as the original
formulation.
Qualitatively, it is seen in Figure 4 that the modified RPA model provides better
coverage of the observed driver behavior compared to the previous two versions of the
     γ( ) ( )= =⎡⎣ ⎤⎦+ + + + + +x t x x x x x( ) max min , ( 0) , min , ,n n n n n n1 1(2) 1(3) 1(1) 1(2) 1(3)
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Table 3. Results for the modified Rakha-Pasumarthy-Adjerid model
Parameter D124 D304 D316 D350 D358 D363 D462 Aggregate
kj a 0.149 0.154 0.124 0.138 0.161 0.150 0.131 0.169
qca 0.948 1.000 0.523 0.611 0.514 0.975 1.000 0.662
x
.
c
a 23.56 16.67 22.28 22.31 19.14 19.06 22.22 22.83
x
.
d
a 29.14 31.94 26.81 26.06 32.22 31.94 31.94 28.31
τ 
a 0.7 0.3 1.5 1.3 1.4 0.4 0.5 1.2
x
..
d − min
b
–4.630 –2.778 –3.472 –5.556 –5.556 –4.861 –2.451 –4.481
γ
b 0.631 0.600 0.710 0.537 0.576 0.529 0.639 0.764
Pb 90 90 90 90 145 145 119 90
massb 1190 1090 1090 1090 1375 1375 1900 1190
Cd b 0.36 0.40 0.40 0.40 0.40 0.40 0.50 0.36
Af b 2.06 2.00 2.00 2.00 2.18 2.18 2.94 2.06
No. Obs. 46,495 41,511 109,563 36,397 105,179 104,751 13,981 455,382
RMSPE 0.00065 0.00032 0.00029 0.00088 0.00029 0.00015 0.00036 0.00015
adenotes values optimized using SPD-CAL.
bdenotes values observed from dataset.
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model, shown in Figure 2 and Figure 3. Specifically, the centroid behavior defined by
the steady-state formulation remains intact, while the collision avoidance constraints
impose departures from this curve to maintain safety, the acceleration constraints slow
the return to the steady-state behavior, the coasting constraint allows for gradual
deceleration when faced with less than steady-state vehicle spacing, and finally the
perception-reaction time delay introduces hysteresis at low velocities. Additionally, in
the case of the specific driver displayed in the interaction diagram the model appears to
miss a segment of less aggressive driving behavior in the range of 20 to 60 km/h. 
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(a)
(c)
(b)
(d)
Figure 4. Driver 316 combined interaction diagram results for car-following
simulation using modified RPA model; displaying (a) flow vs. speed, 
(b) density vs. speed, (c) spacing vs. speed, and (d) density vs. flow
This may or may not be due to factors impacting the driver’s behavior which are not
observed herein, such as traffic behavior upstream of the driver, inclement weather,
glare, etc.
7. COMPARATIVE ANALYSIS OF MODEL FORMULATIONS
The comparative error results of simulation for the first-order Van Aerde model, the
original second-order RPA model, and the modified RPA model are shown in
Table 4. Because of the amount of overlap between the three models, qualitative
comparison is provided through the use of sample car-following events for two
individual events, as illustrated in Figure 5. The results of the error measure is seen
to decrease universally with the modifications to the model, but for the individual
drivers and in the aggregate results; the modified RPA model has an RMSPE which
is 20% lower than the Van Aerde model, and 40% lower than the original RPA
formulation.
The individual car-following events displayed in Figure 5 serve to highlight both
the logical errors found from the original formulation of the RPA model, and show
how a specific dataset can lead to an oversight. Naturalistic driving data includes vast
stores of data from many drivers as they go about their regular driving activities, using
vehicles which have been equipped to record their travel data without interfering with
regular operations. If the data used in this current study had included only test-track
data, or if it had included only data observed along arterials, it is possible that every
car-following event would have begun at a very low speed, such as is seen in parts (a),
(b), and (c) of Figure 5; in this case the modified formulation of the RPA model is seen
qualitatively to work as well as either the original RPA model or the Van Aerde model.
It is only because the naturalistic data used for analysis herein includes travel on a
multi-lane highway that car-following events can begin with lead vehicles entering
the lane in front of an instrumented vehicle at high speeds and short spacings. The
second example car-following event, shown in parts (d), (e), and (f) of Figure 5,
displays the improvement provided by the modified RPA model, in comparison to the
Van Aerde model and original RPA model, specifically in the case of car-following
events beginning at high-speed and high-density conditions. The instantaneous
deceleration discussed previously is clearly seen here, along with the resulting jump in
spacing between the lead and follower vehicle for the first segment of the event. Of
interest, the error appears to be self-regulating, as the spacing of the follower vehicle
for all three variations of the model formulation are consistent after the initial 30 seconds
of the event.
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Table 4. Comparative error results
Model D124 D304 D316 D350 D358 D363 D462 Aggregate
Van Aerde 0.00073 0.00037 0.00036 0.00105 0.00030 0.00017 0.00052 0.00018
RPA 0.00086 0.00037 0.00044 0.00118 0.00034 0.00019 0.00087 0.00021
RPA-modified 0.00065 0.00032 0.00029 0.00088 0.00029 0.00015 0.00036 0.00015
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(a) Speed/Time, event 21958.09. (b) Spacing/Time, event 21958.09.
(c) Spacing/Velocity Diff., event 21958.09. (d) Speed/Time, event 90700 .01.
(e) Spacing/Time, event 90700.01. (f) Spacing/Velocity Diff., event 90700.01.
Figure 5. Sample car-following events: event 21958.09 (a) time-speed diagram, 
(b) time-spacing diagram, and (c) spacing-velocity difference diagram;
event 90700.01 (d) time-speed diagram, (e) time-spacing diagram, and 
(f) spacing-velocity difference diagram
7.1. Speed-spacing Coverage of Observed and Simulated Data
In an effort to measure both the quantitative and qualitative dispersion of the observed
and simulated data on the interaction diagram, a methodology was developed to look at
area coverage in a true/false sense between the observed driver behavior and the
simulated driver behavior. An initial effort was made to perform analysis using
probability distribution functions, but it was found that there was either too much
variability, or too little data points for central tendencies and distribution shapes to be
identified.
Using the spacing versus speed charts, as seen in part (c) of Figures 1, 2, 3, and 4, a
procedure was developed to identify the breadth of the data without including outlier
information, for comparison purposes. Data points were first separated into bins based
on the vehicle speed, with a bin size of 5 km/h. With the points defined for a given
speed bin, the 5th and 95th percentile values were calculated. The shape of the
distributed data was plotted using a Computer Aided Drafting program, with
calculations conducted regarding the area of overlap between the observed data and the
simulated results.
The results of the dispersion analysis are shown quantitatively in Table 5, and
qualitatively in Figure 6. It was found that the Van Aerde model coverage included 7
percent of the observed dataset, the true-true result; with 19 percent of the simulated
data appearing outside of the area of observed data, a false-true result. In covering the
observed data, the original RPA formulation improved the true-true result to 39 percent,
with the modified model improving the result to 67 percent. The data point distribution
as generated by either version of the RPA model is about equal, with a false-true result
of 39 and 35 percent for the original and modified models, respectively.
In general, the qualitative data distribution shown in Figure 6 sums up the
information previously discussed; the Van Aerde model generates a thin stream of
simulated data along the centroid of the observed data, the original RPA model
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Table 5. Coverage of the middle 90th percentile of simulated and observed data
Speed-Spacing Area
(m-km/hr) 5th to
95th percentile D124 D304 D316 D350 D358 D363 D462 Aggregate
Observed Area 4,575 4,076 3,846 3,945 3,762 3,774 1,888 5,985
Simulated Area 135 769 786 2,086 538 557 387 1,519
True-True 3% 11% 13% 9% 9% 10% 19% 7%
False-True 0% 7% 7% 44% 5% 5% 2% 19%
Simulated Area 3,345 3,704 2,162 5,083 1,866 2,590 2,489 4,681
True-True 58% 62% 39% 50% 34% 53% 46% 39%
False-True 15% 29% 17% 79% 16% 16% 86% 39%
Simulated Area 5,220 4,953 2,656 5,108 2,914 3,044 1,678 6,138
True-True 78% 83% 61% 72% 67% 68% 66% 67%
False-True 36% 38% 9% 57% 10% 13% 23% 35%
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generates data that is equal to or more conservative than the steady-state behavior, and
the modified RPA model includes more aggressive driving behavior as a driver chooses
to coast from more aggressive to steady-state driving conditions.
8. CONCLUSIONS
This paper analyzed the simplified behavioral vehicle longitudinal motion model,
currently implemented in the INTEGRATION software, also known as the RPA model.
The current model utilizes a steady-state model along with two constraints, acceleration
and collision avoidance. A naturalistic driving database, the Hundred Car Study, was
used to generate 1,732 car-following events totaling 789 minutes worth of data across
seven drivers, along the same stretch of multi-lane highway.
Based on analysis of the current model using this unique data set, a deficiency was
identified in the RPA formulation in that it predicts more conservative driving behavior
than is observed in the field. Although the simulated data produced by the RPA model
provides qualitative results that improve upon the steady-state Van Aerde model, there
is increased error in the quantitative results. Further comparative review indicated that
much of the error occurred when a car-following event was initiated, specifically when
an event began while both vehicles were traveling at high speeds. As a leading vehicle
entered the travel-way in front of the subject vehicle, the spacing between the two
vehicles was often much shorter than the desired steady-state spacing. Existing models
attempt to converge to steady-state behavior aggressively, which contradicts empirical
observations. Consequently, a modification to the existing model, using the vehicle
dynamics equations was proposed to incorporate this observed behavior. Quantitative
and qualitative analysis comparing the previous and the proposed model formulations
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(a) (b)
Figure 6. Coverage of the middle 90th percentile of simulated and observed data,
displaying (a) observed and Van Aerde data, and (b) RPA and the
modified RPA results
shows that this modification provides significant improvements to the model.
Specifically, the proposed modifications are found to significantly decrease the error
against the observed behavior in comparison to either of the two previous formulations,
reducing the error in the aggregate case by 20 percent against the Van Aerde model, and
by 40 percent against the original RPA formulation. Furthermore, the proposed
modifications to the RPA model result in a more realistic simulation of driver behavior
in terms of breadth of driver behavior.
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